Competition between Small RNAs: A Quantitative View  by Loinger, Adiel et al.
1712 Biophysical Journal Volume 102 April 2012 1712–1721Competition between Small RNAs: A Quantitative ViewAdiel Loinger,†D Yael Shemla,‡D Itamar Simon,‡ Hanah Margalit,‡ and Ofer Biham†*
†Racah Institute of Physics and ‡Department of Microbiology and Molecular Genetics, Institute of Medical Research Israel-Canada, Faculty of
Medicine, The Hebrew University, Jerusalem, IsraelABSTRACT Two major classes of small regulatory RNAs—small interfering RNAs (siRNAs) and microRNA (miRNAs)—are
involved in a common RNA interference processing pathway. Small RNAs within each of these families were found to compete
for limiting amounts of shared components, required for their biogenesis and processing. Association with Argonaute (Ago), the
catalytic component of the RNA silencing complex, was suggested as the central mechanistic point in RNA interference
machinery competition. Aiming to better understand the competition between small RNAs in the cell, we present a mathematical
model and characterize a range of specific cell and experimental parameters affecting the competition. We apply the model to
competition between miRNAs and study the change in the expression level of their target genes under a variety of conditions.
We show quantitatively that the amount of Ago and miRNAs in the cell are dominant factors contributing greatly to the compe-
tition. Interestingly, we observe what to our knowledge is a novel type of competition that takes place when Ago is abundant, by
which miRNAs with shared targets compete over them. Furthermore, we use the model to examine different interaction mech-
anisms that might operate in establishing the miRNA-Ago complexes, mainly those related to their stability and recycling. Our
model provides a mathematical framework for future studies of competition effects in regulation mechanisms involving small
RNAs.INTRODUCTIONEukaryotic cells harbor numerous small noncoding RNAs of
20–30 nucleotides in length, which play crucial roles in
evolutionarily conserved RNA-mediated gene silencing
pathways. Two classes of small RNAmolecules, small inter-
fering RNAs (siRNAs) and microRNAs (miRNAs), have
been identified as important sequence-specific, post-tran-
scriptional regulators of gene expression. Despite their
different classification, both small RNAs are associated
with a common RNAi processing pathway, which mainly
involves Dicer, an RNase III enzyme, and the RNA-induced
silencing complex (RISC). In this process, Dicer cleaves
dsRNA and miRNA precursors into small RNA duplexes,
of which one of the strands is assembled into RISC to either
enhance degradation or inhibit the translation of target
RNAs possessing complementary sequences. Members of
the Argonaute (Ago) protein family emerged as core
components of RISC (1) and were found to establish
a minimal functional RISC when associated with small
RNAs (2,3).
Several studies have demonstrated that excess amount of
exogenously introduced siRNA can saturate the cellular
RNAi pathway both in vivo and in vitro. One consequence
of such saturation is a competition between different small
RNAs in the cell over a fixed pool of shared components
required for their processing and biogenesis. This usually
results in a drop of efficacy of the small RNAs involved in
the competition, evident by an increase in their targetSubmitted July 29, 2011, and accepted for publication January 11, 2012.
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0006-3495/12/04/1712/10 $2.00gene expression level. This phenomenon was widely re-
ported in in vitro experiments using artificial siRNAs. It
was found that simultaneous introduction of two or more
artificial siRNAs resulted in reduced gene-silencing activity
of one of the siRNAs whereas the other siRNA functioned
normally (4–11).
Recently, miRNAs were also suggested to interfere with
each other’s activity. Genome-wide gene expression anal-
ysis after miRNA transfection revealed a statistically signif-
icant increase in the expression of target genes of cellular
miRNAs, which was attributed to competition over the
RNAi pathway’s components (12). Moreover, a link
between the two classes of small RNAs was found, as satu-
ration of the endogenous RNAi machinery using siRNAs re-
sulted in dysregulation of endogenous miRNA function
(12,13). These findings are not surprising considering that
miRNA and siRNA pathways share common components.
In addition, in all cases the effect was found to be dose-
dependent, implying there is a limiting factor in the system
(12,13).
Accumulating evidence suggests that the interaction with
Ago2, the catalytic component of RISC machinery, is a prin-
cipal rate-limiting step of the RNAi pathway. It was argued
that in several cell types there is limited supply of Ago
proteins, limiting their capacity to assemble siRNA/miRNA
(8,10,14–17). Interestingly, analysis of the expression
profile of Ago proteins in various cell types revealed low
levels of Ago2 in liver and lung tissues, in which siRNA
and shRNA competition was previously detected (18).
Although the competition effects were broadly discussed,
to our knowledge they have not been systematically
analyzed using quantitative models. A recent computationaldoi: 10.1016/j.bpj.2012.01.058
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experiments along with a simple linear regression model to
predict the effect of competition between miRNAs on indi-
vidual genes based on the number of miRNA-binding sites
they contain (12). Here we present an elaborate model based
on rate equations for predicting the global change in gene
expression due to competition between various small
RNAs. We examine the effect on the transcript level, given
that repressing properties of both siRNAs and miRNAs can
be largely detected by changes in transcript abundance
(19–21). We mainly focus on competition between miRNAs
and study the change in the expression level of their target
genes. The model provides quantitative results, enabling
the examination of the effect of various key parameters of
the system on global gene expression.FIGURE 1 Schematic description of the competition between small
RNAs. (A) Schematic drawing showing all variables and parameters used
in the model to describe the competition between small RNAs. The model
takes into account the copy number of small RNAs, mRNAs, and Ago
proteins with specific generation and degradation rate for each. An Ago
protein can bind a small RNA to generate an Ago-small RNA complex, de-
pending on the association and dissociation rates between the two. The
Ago-small RNA complex can bind mRNA target with specific binding
rate and induces mRNA degradation. The Ago-small RNA complex can
be degraded after zero or one round of activity or can be recycled and regu-
late several mRNAs. (B) Schematic drawing of the effect of competition
between two cotransfected siRNAs on their single target gene expression
levels. When only a single siRNA is transfected (left, s2, red), it binds
Ago and downregulates its target gene (m2). When an additional siRNA
is cotransfected (right, s1, green), it can saturate the system, hence prevent-
ing the other siRNA from binding Ago. As a result, less downregulation of
the perturbed siRNA target gene (m2) is expected.
TABLE 1 Variables of the mathematical model, where [x] is
the number of molecules of type x in the cell
Name Description
[mi]
mRNA of type i
[sj]
Small RNA of type j
[a] Argonaute
[asj] Small RNA of type j bound to ArgonauteMETHODS
Model description
We constructed a mathematical model to quantitatively describe the
changes in the expression level of mRNAs due to competition between
small RNAs in the cell. A schematic illustration of the model is depicted
in Fig. 1 A. The model includes four key components: 1), Free small
RNAs of different types, denoted by sj (j¼ 1,., Ns, where Ns is the number
of small RNA encoding genes). 2), Free mRNAs of different types, denoted
by mi (i ¼ 1,., Nm, where Nm is the number of different mRNA encoding
genes). 3), Ago protein, denoted by a. 4), Complexes consisting of small
RNAs bound to Ago proteins, denoted by asj. The number of molecules
of type x in the cell is denoted by [x] (see Table 1). Note that in this model
we assume that Ago, the central catalytic unit of RISC, is the only rate-
limiting component. However, we are not arguing that there could not be
other limiting factors in the system.
A fundamental assumption of the model is that competition is triggered
by excess amount of a single small RNA. We refer to this small RNA as the
‘‘trigger’’ and denote it by s1. The set of target genes of this small RNA is
denoted by T. Small RNAs that are affected by the competition (s2,.,sNs)
are referred to as the ‘‘perturbed’’ population and their target genes are
defined as set P. The mRNAs that are not regulated by either the trigger
or the perturbed small RNAs form a background group, and are defined
as set B. mRNA targets are often regulated by several small RNAs (e.g.,
several miRNAs). Therefore, it is likely that some of the mRNA targets
of the trigger small RNA will also be targets of the perturbed small
RNAs. We denoted this set of common mRNA targets of both the trigger
and perturbed small RNAs by C. Mathematically, this set is given by
C¼ TX P. In some cases we need to consider those targets of the perturbed
small RNAs that are not targets of the trigger small RNA. The set of these
mRNAs that are targeted only by the perturbed small RNAs was denoted by
P0 (P0 ¼ PT).
The processes included in our model are summarized in Table S2 in the
Supporting Material. Each type of molecule in the system is generated at
rate g and is degraded at rate d. Although the generation and degradation
are complex processes that include many intermediate steps for each type
of molecule, we obtained a concise model by collapsing the many steps
into a single step. The parameters gsj (s
1) and dsj (s
1) are the generation
and degradation rates of small RNA j, respectively. Similarly, gmi (s
1) and
dmi (s
1) are the generation and degradation rates of mRNA i, respectively.
And finally, the parameters ga(s
1) and da(s
1) are the generation and
degradation rates of the Ago proteins.
In addition, small RNAs in the cell can bind to Ago protein to create Ago-
small RNA complex asj with association rate bj(s
1). This complex may
dissociate to its original components with dissociation rate uj(s
1). A valueof zero to uj implies that once a small RNA is loaded onto Ago it forms
a stable complex that does not dissociate. The Ago-small RNA complex
degrades at a rate denoted by dasj (s
1). Once assembled, the Ago-smallBiophysical Journal 102(8) 1712–1721
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dation. Of particular importance is the binding rate matrix K. This is
a matrix of dimensions Nm  Ns. Its matrix element Kij, i ¼ 1,.,Nm,
j ¼ 1,.,Ns, represents the binding rate of the Ago-sRNA complex asj to
the target mRNA mi. In case that Kij ¼ 0, it implies that the mRNA mi is
not a target of the small RNA sj. Typical values of the parameters used in
our analysis are presented in Table S2.
We distinguished between two possibilities of RISC action. According to
the first one, RISC can act only once on an mRNA, thereby the Ago-small
RNA complex degrades together with its mRNA target. In this case, the
effective rate coefficient accounting for the removal of the Ago-small
RNA complex asj due to the interaction with its mRNA targetmi isKij
0 ¼Kij.
However, recent studies suggested that RISC is a multiple-turnover enzyme
(22–25), implying that a small RNA can remain associated with the complex
and carry out multiple rounds of RNA degradation. To account for this possi-
bility, we allowed also the Ago-small RNA complex to interact with several
mRNA targets before it degrades. Allowing the Ago-small RNA complex to
act on average n times on mRNA targets, the rate coefficient of its removal
due to the interaction with its targets is given by Kij
0 ¼ Kij/n.
The model we propose is an extension of previous models for the regu-
lation by small RNAs (26–28). The model can be formulated quantitatively
using rate equations. Rate equations are ordinary differential equations that
account for the temporal variation in the concentrations of different mole-
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In these equations, terms of the form gx account for the generation of mole-
cule x, and terms of the form dx[x] account for the degradation of molecules
x. The bj[sj][a] term accounts for the binding of small RNAs and Ago, form-
ing an Ago-small RNA complex and uj[asj] for the dissociation of this
complex. The interaction between the Ago-small RNA complex and its
mRNA targets is accounted for by K0ij[mi][asj].Analysis of the model
We used the model to investigate the change in gene expression level of
mRNA after overexpression of the trigger small RNA. Rate equations
(Eq. 1) were numerically integrated twice: First, we integrated the equa-
tions without the small RNA s1 that triggered the competition (its genera-
tion rate was set to zero or to a small value), and recorded the mRNA
level after a period of a day, which we denote by [m1i]. The period of
one day was chosen according to the experimental procedures. It should
be noted that the rate equations do not always converge to steady state in
such a period. In any case, the results obtained after one day are those
that should be used for comparison with the experiment. The simulations
were repeated several times with different initial conditions. It was found
that the results do not depend on the choice of the initial conditions in
any significant way. Second, we integrated the equations with the small
RNA that triggered the competition (its production rate was set to some
value gs1), and recorded the mRNA level also after a day, which we denote
by [m2i]. Finally, we calculated the logarithm of the ratio of the mRNA levelBiophysical Journal 102(8) 1712–1721in the two runs. This is the log fold-change in expression after the perturba-








The rate equations are deterministic, and do not account for noise and fluc-
tuations. However, biological systems are continuously challenged by vari-
able environments, and noise is an important feature of living cells (29,30).
In our system, noise in gene expression level may play an important role
because it can mask the downregulation or upregulation effects. Addition-
ally, noise should be considered for creating a population of mRNA levels
for the background genes (B set), as the deterministic equations result in the
same value for all genes in the set. Noise was considered by changing the
generation rates between the two runs, multiplying it by 1 þ ε, where ε
denotes a small random number chosen from a normal distribution with
a zero mean. The width of the distribution was adjusted so that the log ratio
distribution for background genes will be similar to that observed in small
RNA transfection experiments (12).
In addition to this treatment of noise, which corresponds to extrinsic noise,
we also performed Monte Carlo simulations using the Gillespie algorithm
(31,32) for a smaller set of small RNAs and mRNAs. These simulations,
which take into account the intrinsic noise in a more rigorous way, yielded
similar results to the ones obtained from the rate equations with added noise
(data not shown). It is likely that both types of noise, extrinsic and intrinsic,
exist in the experimental system, and it is not clear which one is more domi-
nant. We chose to present the results of the rate equations with added noise
through the parameter values (modeling extrinsic noise) because thismethod
enables us to deal with much larger networks (corresponding to the size of
the experimental network) and to obtain better statistics.Gene expression data
Lim et al. (33) performed microarray experiments in human cells at 12 or
24 h after transfection with hsa-miR-124. Gene expression data were
retrieved from the NCBI Gene Expression Omnibus (34) with accession
No. GSE2075.RESULTS
We have constructed a mathematical model that enables
systematic and quantitative analysis of the changes in
gene expression due to competition between small RNAs.
The system we study includes a single small RNA whose
excess amount triggers the competition (the trigger) and
a population of small RNAs that are perturbed due to the
competition (perturbed small RNAs). The effect of the
competition is examined via the change in expression level
(log ratio) of the sets of target genes of the trigger and per-
turbed small RNAs (see Methods). The set of target genes of
the trigger small RNA is denoted by T. The set of targets of
the perturbed small RNAs is denoted by P. Note that there
may be targets that are shared by the trigger and perturbed
small RNAs. The set of these common targets is denoted
by C, while the set of genes that are targets only of the per-
turbed small RNAs and not of the trigger small RNA is de-
noted by P0. The set of background genes that are not
regulated by any small RNA is denoted by B.
We expect to observe downregulation of the target genes
of the trigger (T set), upregulation of the target genes of the
Competition between Small RNAs 1715perturbed small RNAs (P0 set), and no effect, only noise, for
background genes that are not targets of any small RNA
(B set). The downregulation is a direct result of the effect
of the trigger small RNA. The upregulation is a secondary
effect mediated by the competition, because the effect of
cellular small RNAs is reduced and downregulation of their
targets is not as effective as before the perturbation.Minimalistic system: competition between two
small RNAs
It is informative to start exploring the systemusing a restricted
number of variables. To this endwe limited the system,which
may include hundreds of small RNAs and thousands of
mRNA targets, to only two types of small RNAs: one trigger
small RNA (s1) and one perturbed small RNA (s2), each one
with a single mRNA target (m1 and m2, respectively). In this
case, the sets T and P consist of only one element each,
namely T ¼ {m1} and P ¼ {m2}. We refer to this system as
minimalistic and examine it under different conditions. Inter-
estingly, this model describes the competition between two
cotransfected siRNAs, given that both siRNAs are ideally
target-specific and regulate only a single target gene. We
examined the change in the expression levels of m1 and m2
due to the addition of the trigger siRNA (Fig. 2). We found
that increasing the transcription rate of s1 leads to a stronger
downregulation of its target gene (m1) and to a stronger upre-
gulation of the target gene (m2) of the perturbed small RNA
(Fig. 2). These results indicate that the proposedminimalistic
model captures the experimentally observed upregulation of
the target gene of the perturbed small RNA.Extended system: competition between a large
number of miRNAs
We now extend the model to include several small RNAs
with many target genes, focusing on miRNAs. Biologically,because miRNAs are known to target multiple genes, the
extended model is capable of describing the competition
between miRNAs. As a first validation step, we compared
the output of this model to microarray expression data
from miRNA transfection experiments. These experiments
were previously used to demonstrate the competition ex-
erted by transfection of exogenous miRNAs (12). Here,
we demonstrate the results for hsa-miR-124. Microarray
data of the change in gene expression after transfection
(log10 ratio) were obtained from Lim et al. (33), and divided
into the three sets (T, P0, and B) based on Khan et al. (12) and
Lewis et al. (35) (see Table S1). The binding rate matrix K
was adjusted based on the gene classification. The parame-
ters of the miRNAs and their target genes were taken from
Table S2. However, we had to account for the noise in the
system and for the fact that different genes exhibit different
dynamical parameters. To this end, in each run of the simu-
lation the parameters of each miRNA and each target gene
were drawn from log-normal distributions, whose mean
values were taken from Table S2, and their widths were
used as fitting parameters (for more details, see the section
on parameter values in the Supporting Material).
We compared the model results to the experimental data.
In Fig. 3 A, we present histograms of log mRNA expression
ratio for the T, P0, and B sets. The shape of the histogram, the
average log-ratio, and the expected trend of gene expression
changes are consistent with the experimental data. The B set
is distributed symmetrically around zero, the T set is down-
regulated, and the P0 set is upregulated (Fig. 3 A). The differ-
ences between the distributions are statistically significant
(Fig. 3 B). These results are in very good agreement with
the results of hsa-miR-124 transfection performed by Lim
et al. (33). We also applied the same analysis to other
miRNA transfection experiments and obtained similar qual-
itative results.
The downregulation of the targets of the trigger miRNA is
a direct effect of the transfection, whereas the upregulationFIGURE 2 Results for a minimalistic model of
two competing small RNAs. In this minimal
model, each small RNA has one target mRNA.
Shown are the average numbers of target mRNA
molecules as a function of the ratio of the genera-
tion rates of the small RNAs controlling them
(X axis in log scale). As the generation rate of the
trigger s1 increases, the level of its target mRNA
m1 decreases, whereas the level of the perturbed
mRNA m2 increases.
Biophysical Journal 102(8) 1712–1721
FIGURE 3 Transfection of miRNA results in
downregulation of its targets and upregulation of
targets of endogenous miRNAs, due to competition
for Ago binding. The model captures the principal
characteristics of the competition. (A) Histograms
of log expression fold change, defined in Eq. 2,
for transfection experiment of hsa-miR-124 (right)
and model (left). Changes in expression in three
sets of genes are presented: T, targets of trigger
miRNA (top panel), P0, targets of perturbed
miRNAs (middle panel, only targets that do not
overlap T targets are included), and B, background
(bottom panel, genes that are not targets of either
miRNA). The average log mRNA expression ratio
is presented above each histogram. (B) Cumulative
distribution function for T, P0, and B sets produced
by the model. The plot shows statistically signifi-
cant downregulation by Kolmogorov-Smirnov test
of T set (p-value ¼ 1051) and statistically signif-
icant upregulation of P0 set (p-value ¼ 1027) rela-
tive to the B set.
1716 Loinger et al.of the targets of the perturbed miRNAs is an indirect effect,
which is mediated by the competition for a limited supply of
Ago proteins. For the parameters examined, the direct effect
appears to be stronger than the indirect effect, in agreement
with the experimental results.The effect of cell-specific parameters and
experiment-specific parameters
To quantitatively evaluate the effect of different parameters
on competition between miRNAs, we altered the level of
each parameter in the system while fixing all other parame-
ters. We focused on two key factors: the amount of trigger
miRNA and the amount of Ago in the cell. In addition, we
examined the effect of changes in the amount of mRNAs,
as well as the effect of different features regarding the
Ago-miR complex, such as its dissociation rate and possible
turnover. For each set of target genes, we examined the
number of downregulated and upregulated genes following
the transfection of trigger miRNAwith respect to the refer-
ence state in which there is no trigger miRNA. We define fDBiophysical Journal 102(8) 1712–1721as the fraction of downregulated genes and fU as the fraction
of upregulated genes in a target set, such that fU þ fD ¼ 1.
We define
D ¼ fU  fD (3)
as a measure of the general trend of regulation within a set of
target genes. A positive value of D implies that most genes
in the set are upregulated, whereas a negative value implies
that most genes are downregulated. The dependence of D on
the transcription rates of the trigger and perturbed miRNAs,
as well as on the synthesis rate of the Ago molecules, was
examined in detail. The calculated values of D presented
in the article were obtained by averaging over 10 realiza-
tions for each set of parameters.
The generation rate of the trigger miRNA
We first tested how the amount of the trigger miRNA affects
the results. We focused on the generation rather than the
degradation rate, because it was previously shown to be
the more relevant parameter for this analysis (22,26,36).
Competition between Small RNAs 1717The generation rate of the trigger miRNA is characterized as
high or low by comparison to the total generation rate of all
perturbed miRNAs. As expected, higher generation rate and
thereby higher amounts of trigger miRNA resulted in
a stronger competition (Fig. 4). For a small amount of the
trigger miRNA we observed almost no effect. The value of
D obtained for the T and P0 groups was close to zero. This
implies that in our model, in the limit of vanishing amount
of trigger miRNA, half of the target genes are upregulated
and half are downregulated, indicating that the upregulation
and downregulation are dominated by noise. As the genera-
tion rate of trigger increased, and hence the amount of the
trigger increased, a stronger effect was detected for both
the T and the P0 groups. The T genes were mostly downre-
gulated, leading to D < 0 whereas the P0 genes were mostly
upregulated, yielding D > 0. Both effects saturate when the
trigger miRNA reaches a sufficiently high generation rate
and hence a sufficiently high level. Notably, the upregula-
tion of the P0 genes saturates at D ¼ 0.6, which means
that only 80% of the P0 genes are upregulated and 20%
are downregulated. The downregulation of the T genes satu-
rates at D¼ 0, which means that nearly 100% of the T genes
are downregulated.
The synthesis rate of Ago molecules
Next, we examined the downregulation and upregulation
effects as functions of the synthesis rate of the Ago mole-
cules (Fig. 5 A). As before, the generation rate of Ago was
determined relatively to the total generation rate of all the
perturbed miRNAs. When only a small amount of Ago is
present, the miRNA regulation pathway is suppressed, and
thus the system is not affected by the trigger miRNA. As
a result, both T genes and P0 genes are not downregulated
or upregulated after the transfection of the trigger miRNA
(D z 0). An increase in the level of Ago leads to elevated
miRNA activity and stronger downregulation of the T genes
(D < 0). Consequently, the competition for Ago rises,leading to upregulation of the P0 genes (D > 0). Finally,
with Ago amounts sufficient to repress both T and P0 genes,
the competition decreases and subsequently the upregula-
tion of P0 genes decreases.
Naively, one would expect that under an extremely large
amount of Ago, noise should dominate and D should tend
to zero for the P0 genes. However, we find that the value of
D for the P0 group drops below zero in this limit, which
indicates that more genes are downregulated than upregu-
lated. This surprising result can be explained by what to
our knowledge is a novel type of competition that takes
place when Ago proteins are highly abundant. Under these
conditions, the common target genes of the trigger and
perturbed miRNAs (C group), which were regulated by
the perturbed miRNAs before the transfection, switched
their regulators to the trigger miRNA. Once the perturbed
miRNAs became free they could regulate their other
targets, hence the overall number of repressed P0 genes
increased. To verify this hypothesis, we repeated the simu-
lation under conditions in which the C genes are removed
from the network. Indeed we found that removing these
genes from the simulation abolished the downregulation
of the P0 genes (Fig. 5 B). Taken together, our findings
reveal that with sufficient amount of Ago, the competition
turns out to be competition for target genes rather than for
Ago.
In addition, we studied the effect of Ago amount for
different amounts of trigger miRNA (see Fig. S1 in the Sup-
porting Material). For increasing amounts of the trigger we
obtained two major results: First, the height of the peak rises
but eventually saturates as already observed in Fig. 4. A
Higher peak implies stronger competition, as is expected
when using a higher level of trigger. Second, the width of
the peak is broadened, even when the height saturates.
The broadening indicates that for a large amount of trigger
miRNA, the competition takes place for a broader range of
Ago amounts.FIGURE 4 Effect of the trigger miRNA genera-
tion rate on the expression level of T, P0, and B gene
sets. The X axis is the ratio between the generation
rates of trigger miRNA and total perturbed miR-
NAs (miR-T/miR-P, log scale). The Y axis shows
the change in expression level as represented by
D, the difference between the fractions of upregu-
lated and downregulated genes in a set. The back-
ground genes show D of zero, as their fractions of
upregulated and downregulated genes are equal. As
the generation rate of the trigger increases, more of
its target genes (T) are downregulated (D < 0), and
more of the perturbed target genes (P0) are upregu-
lated (D> 0). For a very large amount of trigger, all
of its target genes are downregulated, whereas the
upregulation of the perturbed target genes saturates
at a lower level. The results are based on averaging
10 runs, where the generation rate of Ago was
equal to the total generation rate of the perturbed
miRNAs.
Biophysical Journal 102(8) 1712–1721
FIGURE 5 Effect of Ago generation rate on the
expression level of T, P0, and B groups. The
X axis shows the ratio between Ago generation
rate and the generation rate of total perturbed
miRNAs (Ago/miR-P, log scale). The Y axis shows
the change in expression level as represented by D,
the difference between the fractions of upregulated
and downregulated genes in a set. (A) As the
amount of Ago increases, more trigger target genes
(T) are downregulated (D < 0). For the perturbed
target genes (P0), increasing the Ago amount first
leads to upregulation (D > 0), but at some point
the upregulation become less dominant and even
turns to downregulation (D < 0). The results are
based on averaging 10 runs with miR-T/miR-P¼ 1.
(B) Results of simulations that did not include the
common target genes of the perturbed and trigger
miRNAs. Excluding the common target genes from
the simulation abolished the observed downregula-
tion of the perturbed targets genes (P0) under high
Ago amounts. Thus, the phenomenon observed in
panel A is due to competition on targets between
the trigger and perturbed miRNAs under high Ago
amount. When the level of trigger miRNA is high it
targets the common targets, while the endogenous
miRNAs are free to target additional mRNAs, result-
ing in overall downregulation of their targets.
1718 Loinger et al.Generation and degradation rates of mRNAs
We examined the dependence of the downregulation of the
T genes and the competition-induced upregulation of the P0
genes on the generation rate and degradation rate of these
target mRNAs. It was found that increasing the generation
rate or decreasing the degradation rate of T genes resulted
in reduced downregulation (37,38). The results of our simu-
lations reproduce this effect. However, we find that
changing the parameters of the T genes has little effect on
the expression levels of the P0 genes. This is due to the
fact that the regulation of the P0 genes is mainly affected
by the competition between the trigger and perturbed
miRNAs for the limited supply of Ago proteins.
Stability and recycling of the Ago-miRNA complex
Although the miRNA pathway has been widely investi-
gated, the interaction mechanisms between miRNAs, their
target RNAs, and Ago are only poorly characterized. We
used our model to examine several unknown parameters in
the context of the competition between miRNAs for
a limited supply of Ago proteins.Biophysical Journal 102(8) 1712–1721First, we examined the effect of the stability of the Ago-
miRNA complex. To this end, we varied the rate of dissoci-
ation of the Ago-miRNA complex. Within the biologically
relevant range of parameters, it was found that the results
are not sensitive to this dissociation rate. In principle, the
dissociation of the Ago-miRNA complex may reduce the
strength of the regulation, because it lowers the number of
available complexes. However, it turns out that under bio-
logically relevant conditions in which the concentration of
mRNA targets is sufficiently large, it is unlikely that the
Ago-miRNA complex will dissociate before it binds another
mRNA target. We expect that in the limits of very fast disso-
ciation or very low concentration of target mRNAs, the
dissociation would indeed lower the strength of the post-
transcriptional regulation.
Second, we examined the ability of the Ago-miRNA
complex to bind multiple times to target mRNAs. The fate
of the Ago-miRNA complex after it acts on a single
mRNAmolecule is still unknown. It may degrade or become
inactive, or still be available in the cells. We examined the
upregulation effect as a function of the number of times
Competition between Small RNAs 1719the Ago-miRNA complex can act on mRNA molecules (see
Fig. S2). Our simulations revealed that if the miRNA
remains associated with Ago and carries out multiple rounds
of RNA degradation, the upregulation effect becomes
stronger and is present also for a lower amount of Ago in
the cell. This result is biologically reasonable, because if
Ago can be used more than once, then a lower amount of
Ago is sufficient to perform the same task. In fact, the recy-
cling involves not only the Ago proteins but also the small
RNAs. Therefore, enhancement of the recycling is some-
what analogous to increasing the synthesis rate of both the
Ago molecules and the small RNAs. In principle, it could
be that the level of recycling differs between different small
RNAs. Thus, only the small RNAs that are recycled are
likely to exhibit such enhanced regulation capability.DISCUSSION
Several studies supported the idea of competition between
small RNAs, but quantitative aspects of this mechanism
were not yet put forward. We presented here a mathematical
model describing the changes in expression level of mRNAs
due to competition between small RNAs. We first showed
that a simple system that includes Ago as the only limiting
factor and two small RNAs with one target gene for each
could explain the observed upregulation of perturbed target
genes. Notably, this model can be used to represent compe-
tition between two cotransfected siRNAs. In addition, we
used an extended system including multiple small RNAs
and multiple target genes, to investigate competition
between miRNAs. Here, we focus in particular on competi-
tion between miRNAs due to overexpression of a single
miRNA trigger.
Competition between miRNAs has been previously re-
ported to occur due to transfection of exogenous miRNA,
but it may occur also naturally. Such competition can theo-
retically result from infection of viruses that encode their
own miRNAs. Recent findings revealed that certain viruses
(mostly members of the herpesvirus and polyomavirus fami-
lies) encode miRNAs, which appear to play roles in infec-
tion (39–41). Exogenous viral miRNAs have the ability to
exploit the cellular miRNA pathway in a similar way to
transfected miRNA. Indeed, human Adenovirus VA RNA-
derived miRNAs were found to subvert the cellular miRNA
pathway by successfully competing for central miRNA
pathway components (42,43). Competition can occur also
due to endogenous miRNA aberrant expression, as in cancer
cells that overexpress a specific endogenous miRNA or
a series of miRNAs (reviewed in Esquela-Kerscher and
Slack (44)). The model presented in this study is general
and relevant to any of these biological conditions.
The model provides several fundamental principles that
should be taken into account when investigating miRNAs
and the competition among them. First, we showed that
elevated levels of the trigger miRNA enhance the competi-tion and result in impairment of other cellular miRNAs, as
indicated by a stronger upregulation of their target gene
levels. Second, we showed that Ago as the single rate-
limiting factor is a critical key player in the competition.
Competition occurs in a specific range of Ago amounts,
when its cellular level is not particularly low or particularly
high. In this range, as expected, the lower the Ago amount
is, the stronger is the competition. These results suggest
that cellular high Ago level is an important factor for pre-
venting competition effect in any cell, biological condition,
or experimental procedure. Our simulation can be used to
estimate the proper level of Ago that is needed for avoiding
competition, considering the level of the trigger and per-
turbed miRNAs in the cell. Likewise, for a given amount
of Ago in the cell, our model can be used to predict the
amount of miRNAs required for achieving a certain effect.
Furthermore, the strong dependence of the system’s
behavior on Ago and miRNA amounts indicates that it is
cell- and condition-dependent. Therefore, conclusions
based on gene expression change after cotransfection of
two or more miRNAs in a given cell should be taken with
caution when extrapolated to other cell types.
Interestingly, our model revealed what to our knowledge
is a novel type of competition that prevails when high Ago
amounts are present in the system. Theoretically, when Ago
is abundant, the trigger miRNA should have no effect on the
other miRNAs and on the expression level of their target
genes. However, our model predicted that under high
enough amounts of Ago, a substantial fraction of the per-
turbed miRNA target genes are downregulated. Further
examination revealed that the effect is mediated through
a specific set of target genes, which contain miRNA-binding
sites for both the trigger and at least one of the perturbed
miRNAs. Hence, we suggest that these common targets
switch their regulators, from the perturbed miRNAs to the
trigger miRNA. As a result, the perturbed miRNAs are
free to regulate other target genes that were not regulated
before.
We further used the model to investigate the poorly
understood interaction properties between miRNAs and
Ago. Specifically, we focused on the recycling and stability
properties of the complex. Recent articles reported that
RISC acts as a multiple-turnover enzyme that catalyzes
multiple rounds of RNA cleavage (22–25). However, little
is known about the details of the recycling mechanism.
Here we asked how the competition would be affected under
different numbers of recycling rounds. The results indicated
that recycling of Ago creates beneficial conditions for
competition in the cell. For example, for high number of re-
cycling rounds, competition was found to exist even for very
low amounts of Ago, and the effect of competition was
found to be stronger than in the case in which Ago is not
recycled.
Additionally, we examined how Ago-miRNA com-
plex stability affects the competition outcome. To ourBiophysical Journal 102(8) 1712–1721
1720 Loinger et al.knowledge, no reliable data for the turnover or lifetime of an
Ago-miRNA complex are currently available. The common
assumption is that the complex is highly stable and that Ago
protects the bound miRNAs from degradation (45).
However, because Ago and the miRNA are not covalently
bound, disassembly of the complex can theoretically occur.
Interestingly, under our examined range of dissociation
rates, we did not observe any change in the competition
outcome. Despite these results, it is possible that the disso-
ciation rate does have a significant effect, but only under
highly extreme dissociation values.
During our modeling process and analysis, we have made
two fundamental assumptions. Each of these assumptions
can be altered to further expand the model in future studies:
1), We assumed that the model describes competition
between small RNAs in eukaryotes. However, competition
between small RNAs was recently found to occur also in
Escherichia coli. The RNA chaperone Hfq was reported
as the limiting factor in the system (46). Hfq is required
for the activity of many small regulatory RNAs in bacteria.
It stabilizes the small RNAs and mediates their interaction
with their target mRNAs (47). Our model can be easily
adjusted to study competition between small RNAs in
bacteria. 2), Based on previous studies, the model considers
the binding to Ago as the main rate-limiting step of the
system (8,10,14,16,17). It is very likely that other miRNA
biogenesis machinery components, such as Dicer and Ex-
portin-5, can serve as limiting factors as well (48,49).
Both Dicer and Exportin-5 can yield competition through
the miRNA biogenesis pathway, so that more trigger
miRNAs but fewer perturbed miRNAs are produced. Ago,
in contrast, yields competition that affects the functionality
of the miRNA, thus the biogenesis pathway remains undis-
turbed and the same amounts of perturbed miRNAs are
produced. Nevertheless, the miRNAs cannot assemble to
Ago and cannot regulate their target genes. Here, we
decided to construct a simplified model that includes only
Ago as the limiting factor, because it can create a better
understanding of the basic key parameters of the system.
Further extension of the model regarding other machinery
components can be implemented based on this initial study.
The modeling provides a systematic analysis of the
effects of the transfection of trigger miRNA. It provides
a mathematical and conceptual framework in which a large
number of experimental results can be combined and under-
stood on a common basis. The model enables us to test both
the qualitative features and the magnitude of the response of
different targets and its dependence on the number of Ago
molecules and other conditions. The modeling also enables
us to identify the range of parameters in which the effect
takes place. In general, using this modeling approach one
can examine the effect of different microscopic features
on measured quantities and formulate predictions for future
experiments. In some cases, it also leads to unexpected
results and insight. This is, in fact, the case with our obser-Biophysical Journal 102(8) 1712–1721vation that under conditions in which the Ago molecules are
highly abundant, the transfection of trigger miRNA causes
a decrease in the expression level not only of its own target
genes but also in genes that are targets of endogenous
miRNAs. This is due to the fact that the trigger miRNAs
bind to those targets that are common to the trigger and
endogenous miRNAs. This enables the other miRNAs to
focus on their own specific targets and lower their expres-
sion level.
In summary, the mathematical model presented in this
study suggests a complementary view and a system-level
understanding of the effect of competition over miRNA
pathway components on the target mRNA levels. Although
the precise mechanistic details of this competition remain to
be established, the model provides what to our knowledge is
a novel insight as well as predicted effects attributed to the
change in key parameters of the system.SUPPORTING MATERIAL
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